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Abstract

We utilized a data-driven, unsupervised machine learning approach to examine patterns of
peripheral physiological responses during a motivated performance context across two large,
independent data sets, each with multiple peripheral physiological measures. Results revealed that
patterns of cardiovascular response commonly associated with ‘challenge’ and ‘threat’ states
emerged as two of the predominant patterns of peripheral physiological responding within both
samples, with these two patterns best differentiated by reactivity in cardiac output (CO), pre-
ejection period (PEP), interbeat interval (I1BI), and total peripheral resistance (TPR). However, we
also identified a third, relatively large group of apparent physiological “non-responders” who
exhibited minimal reactivity across all physiological measures in the motivated performance
context. This group of “non-responders” was best differentiated from the others by minimal
increases in electrodermal activity. We discuss implications for identifying and characterizing this
third group of individuals in future research on physiological patterns of challenge and threat.
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Introduction

Motivated performance contexts are those situations that are goal-relevant to the performer,
require an instrumental response, and require active engagement (i.e., active coping) rather
than passive intake (i.e., passive coping; Blascovich & Mendes, 2000). Many commonly-
used cognitive stressor tasks (e.g., problem-solving tasks, Stroop tasks) and socio-evaluative
stressor tasks (e.g., public speaking, interpersonal negotiation) are motivated performance
contexts when they meet these three criteria. Social psychologists interested in motivated
performance contexts have differentiated two profiles of biopsychological responding
termed “challenge” and “threat” (for discussions, see Blascovich & Mendes, 2000;
Blascovich & Tomaka, 1996; Seery, 2011; Tomaka, Blascovich, Kelsey, & Leitten, 1993).
Individuals experiencing challenge evaluate their resources as sufficient for coping with the
demands of a stressful situation or task. Challenge is associated with a pattern of
cardiovascular reactivity thought to be beneficial for performance wherein the heart pumps
more blood per unit of time and circulates it to the periphery more efficiently. This is
typically indexed by increases in cardiac output (CO, volume of blood circulated per
minute), decreases in pre-ejection period (PEP, the time between the electrical stimulus
initiating ventricular contraction and opening of the aortic valve), decreases in total
peripheral resistance (TPR, the extent of overall constriction in the peripheral vasculature),
and decreases in interbeat interval (IBI, the time between consecutive heartbeats). In
contrast, individuals experiencing threat evaluate their personal resources as insufficient for
coping with the demands of a situation or task. Threat is associated with more modest
changes from baseline in cardiac reactivity compared to challenge, and is accompanied by
minimal change or increases in vasoconstriction in the periphery. This pattern of
cardiovascular activity is thought to be detrimental to performance because there is reduced
blood flow to the periphery to support action. Threat is typically indexed by small increases
in CO, and small decreases in PEP and IBI along with modest increases (or no change) in
TPR (see, for example, Blascovich & Mendes, 2000; Blascovich & Tomaka, 1996;
Dienstbier, 1989; Mendes, Blascovich, Hunter, Lickel, & Jost, 2007; Quigley, Barrett, &
Weinstein, 2002; Tomaka et al., 1993; Tomaka, Blascovich, Kibler, & Ernst, 1997).

This theoretical framework has proven useful in describing and predicting behavior across a
wide variety of motivated performance tasks (e.g., Brimmel, Parker, Furley, & Moore, 2018;
Zilka, Rahimi, & Cohen, 2019; Streamer, Seery, Kondrak, Lamarche, & Saltsman, 2017;
Jamieson, Mendes, Blackstock, & Schmader, 2010; Mendes, Blascovich, Major, & Seery,
2001; Alter, Aronson, Darley, Rodriguez, & Ruble, 2010; Blascovich, Mendes, Hunter,
Lickel, & Kowai-Bell, 2001; Drach-Zahavy & Erez, 2002; Harvey, Nathens, Bandiera, &
LeBlanc, 2010; Mendes, Blascovich, Lickel, & Hunter, 2002; Mendes, Gray, Mendoza-
Denton, Major, & Epel, 2007; Quigley et al., 2002; Skinner & Brewer, 2002). However,
early adoption of a dichotomous challenge/threat approach led some investigators to assume
that the physiological reactivity of all individuals in a sample can be simply categorized into
one of these two orthogonal biopsychological states. Indeed, in the vast majority of studies
utilizing this approach, analyses begin by designating two groups of individuals for
comparison, based either on the experimental design (e.g., random assignment to one of two
experimental conditions) or on a median split (or other dichotomization) of the self-reported
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appraisals of perceived task demands and coping resources. Researchers then compare
physiological reactivity across the two groups, where ‘reactivity’ is defined using the mean
of a physiological variable during a task after subtracting the mean during a baseline epoch.
Using these methods, there is no way to detect potential patterns of biopsychological
reactivity that are not challenge or threat, since other patterns are by default subsumed into
one of these two categories.

In the early development of the challenge/threat framework, challenge and threat states were
linked most closely to cardiovascular function (Dienstbier, 1989; Tomaka et al., 1993; 1997),
and investigators quickly narrowed their experimental focus almost exclusively to
cardiovascular variables (e.g., CO, PEP, IBI, TPR). Thus, more recently there has been little
use of non-cardiovascular measures that might be related to patterns of physiological
reactivity during active coping other than challenge and threat. To address this issue, and in a
reversal of the usual approach to studying associations between cardiovascular reactivity and
self-reported appraisals, we measured a broad set of different peripheral physiological
measures during a commonly used motivated performance task and then used a data-driven
analysis to discover, rather than stipulate, the number of distinct patterns of peripheral
physiological reactivity across individuals. Then, we explored whether any discovered
physiological patterns were associated with theoretically-expected levels of self-reported
stress and coping.

In the present investigation, we utilized an unsupervised machine learning approach to
investigate peripheral physiological reactivity in a motivated performance context (i.e.,
during mental math tasks). This approach allowed us to identify and characterize the
predominant patterns of physiological reactivity within a motivated performance context in a
completely data-driven way, and then to quantify the extent to which each peripheral
physiological variable contributed to these patterns of reactivity. In addition, we employed
this unsupervised machine learning approach across two large, independent samples,
allowing us to assess the consistency and reliability of our findings. These independent data
sets each included a large number of peripheral physiological measures, including indices
unrelated to cardiovascular reactivity (e.g., facial muscle movement, respiration, and
electrodermal activity) which typically have not been included in research on challenge and
threat states. We predicted that two of the predominant patterns of physiological reactivity
identified across samples would be consistent with the patterns of cardiovascular reactivity
commonly associated with challenge and threat states, replicating existing literature and
providing strong empirical support for this theoretical framework. Here, for the first time
using such a broad sampling of physiological variables, we explored whether additional
patterns of peripheral physiological reactivity beyond those associated with challenge and
threat were apparent within a motivated performance context and, if so, which specific
physiological features best differentiated any new patterns of physiological reactivity from
those of challenge and threat.
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2 Method

2.1 Overview

Two independently collected datasets from our lab were used in the analyses and designated
as Dataset 1 and Dataset 2.

2.2 Participants

Dataset 1 was drawn from a sample of 260 participants (100 males, 159 females, 1 not
reported) between the ages of 18 and 65 (M= 24.8, SD = 10.2) with BMIs ranging from
13.0t0 48.5 (M= 24.9, SD=5.4). Dataset 2 was drawn from a sample of 300 participants
(115 males, 171 females, 14 not reported) between the ages of 18 and 55 (M= 23.4, SD =
8.0) with BMIs ranging from 15.2 to 44.6 (M= 24.4, SD = 4.7). Participants for both
datasets were recruited from the greater Boston area through fliers on college campuses, and
via advertisements on craigslist.com and in a local newspaper. Participants were excluded
for skin allergies, sensitive skin, a history of cardiovascular illness or stroke, asthma, other
chronic medical conditions, or if they self-reported any current mental illness. Participants
were also excluded if they were currently taking medications to treat ADHD, insomnia,
anxiety, high blood pressure, rheumatoid arthritis, epilepsy/seizures, cold/flu, or hay fever/
allergies (not including nasal sprays or other non-autonomically active medications).
Eligible participants in Dataset 1 were asked to refrain from caffeine (96% compliance),
tobacco (96% compliance), diet pills or sleeping pills (99% compliance), and alcohol (99%
compliance) for 24 hours prior to the experiment. Eligible participants in Dataset 2 were
asked to refrain from caffeine and tobacco for 12 hours prior to the experiment (100%
compliance). Participants in Dataset 1 were required to be native English speakers. All
participants completed a mental mathematics (math) task embedded within a larger set of
experimental tasks (for details, see supplemental online materials). Participants in both
datasets received $5 per half hour of participation, although some participants received
additional compensation because they were completing tasks as part of a multiple-visit
experiment (for details, see supplemental online materials).

Only participants with complete peripheral physiological data were included in the
clustering analyses (i.e., participants needed to have artifact-free, valid data (i.e., visually
inspected and deemed to be good quality) for all 12 (Dataset 1) or 10 (Dataset 2) peripheral
physiological features for the baseline and for all minutes of a mental math task). Thus, the
analyses for the present investigation include only 165 participants from Dataset 1 (58
males, 106 females, 1 not reported; Mge = 23.57, SDage = 9.12; Mppy = 24.08, SDgpy =
4.49), and only 130 participants from Dataset 2 (50 males, 80 females; Mge = 22.91, SD,ge
=7.64; Mgy = 23.56, SDgpy = 4.78). Table 1 presents demographic, anthropometric, and
baseline physiological activity for both the included and excluded participants in both
datasets.

2.3 Procedure

All participants completed a mental math task embedded within a larger experimental
session. Details concerning aspects of the experiments beyond the mental math task,
including information on the procedure and tasks unrelated to the current investigation, can
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be found in the supplemental online materials. For both datasets, participants were
instrumented for physiological recordings and completed a 2-minute (Dataset 1) or 5-minute
(Dataset 2) baseline recording period prior to completing the mental math task. To ensure
this resting baseline was not confounded with anticipatory stress related to the upcoming
mental math task, the math task was not described in detail prior to the baseline.

2.3.1 Mental Mathematics Task.—Aspects of the procedure for the mental math task
differed across Dataset 1 and Dataset 2. Detailed procedures for both can be found in the
supplemental online materials, but we outline the major shared components here. For both
datasets, the participant was informed that s/he would complete a mental math task in which
s/he would perform serial subtractions aloud in front of an experimenter, who would be
recording and evaluating his or her responses. The participant was asked to work as quickly
and accurately as possible, and to refrain from commenting on the task or his or her
performance until the task was complete. Experimenters were trained not to provide any
positive feedback (e.g., no smiling or nodding) during the task. In Dataset 1, participants
completed four minutes of mental math across three different sets of 3 or 4 digit seed
numbers from which they subtracted a smaller subtrahend. Participants completed serial
subtractions for 1 minute for the first seed number, for 1 minute for the second seed number,
and for 2 minutes for the third and final seed number. No feedback was provided during the
first two minutes of mental math, but during the final two minutes of mental math in Dataset
1, participants were informed when they were incorrect and were told the last seed number
from which they had made a correct subtraction. In Dataset 2, participants completed five
minutes of mental math, completing serial subtractions for 1 minute for each of five different
seed numbers. For each of the five minutes, participants were informed when they were
incorrect, told the last seed humber from which they had made a correct subtraction,
reminded of the subtrahend, and asked to continue. For both datasets, the seed humbers were
adjusted across the minutes of the task based on participants’ performance, with the goal of
keeping the serial subtractions moderately stressful for all participants by adjusting the task
difficulty either based on their first minute’s performance (Dataset 1) or their performance
during the prior minute of the task (Dataset 2). In addition, participants in both datasets
made appraisal ratings (e.g., how stressful the upcoming task would be and how well they
thought they would cope) immediately before the first minute of mental math and
immediately following the final minute of mental math. The specific ratings differed across
datasets (see below and in the supplemental online materials), but in both datasets the
appraisals measured the perceived task demands (e.g., ratings of how stressful they expected
or perceived the task to be) and the perceived resources to meet those demands (e.g., ratings
of how well they expected to or did cope with the task). For Dataset 1 only, participants also
made a third set of appraisal ratings in the middle of the mental math task, immediately
before the third minute of mental math began.

2.4 Physiological Measures

2.4.1 Physiological Data Acquisition.—For Dataset 1, we recorded the
electrocardiogram (ECG), the impedance cardiogram (IC), continuous blood pressure (BP),
respiration, electrodermal activity (EDA), and measures of facial muscle activity over the
corrugator supercilii (CORR) and zygomaticus major (ZYGO) muscle regions using facial
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electromyography (fFEMG). All physiological measures in Dataset 1 were sampled at 1000
Hz using BioLab v. 3.0.13 (Mindware Technologies; Gahanna, OH), and were acquired on a
BioNex 8-Slot Chassis (Model 50-3711-08). For Dataset 2, we recorded ECG, IC, BP and
EDA, with BP collected intermittently instead of continuously. All physiological measures
in Dataset 2 were sampled at 500 Hz using a mobile impedance cardiograph (Model 50—
2303-00; Mindware Technologies, Gahanna, OH). Respiration was measured via a
piezoelectric belt placed around the lower-chest/upper-abdomen (Mindware Technologies;
Model 50-4504-00; Dataset 1) or was derived from the IC signal (Dataset 2). ECG was
obtained using pre-gelled Ag/AgCl sensors in a modified lead 11 configuration. fEMG
measures (in Dataset 1) were obtained via reusable 4mm Ag/AgCl electrodes (Mindware
Technologies; Gahanna, OH) filled with a high-conductivity gel over the zygomaticus major
and corrugator supercilii muscle regions on the right side of the participant’s face. A
reference electrode was placed in the middle of the forehead. Before sensor attachment, each
site was cleaned with alcohol and exfoliated using a semi-abrasive lotion with the goal of
achieving a contact impedance <10 KOhms (M= 9.57, SD = 13.07 for final sample included
in analyses). The IC was acquired using a four-spot electrode configuration (see Qu, Zhang,
Webster, & Tompkins, 1986) using pre-gelled disposable Ag/AgCl electrodes. The inner
(recording) electrodes were placed on the participant’s chest: one at the base of the neck at
the top of the sternum and the other at the level of the xiphisternal junction. The outer
(source) electrodes were placed on the participant’s back along the midline approximately 4
cm above and below the inner recording electrodes (respectively, roughly over the fourth
cervical vertebra and the ninth thoracic vertebra). The source electrodes passed a 4 mA, 100
kHz alternating current across the thorax. Electrodermal activity (EDA) was recorded from
the palmar surface (right hand for Dataset 1, dominant hand for Dataset 2) with sensors on
the thenar and hypothenar eminences using disposable, Ag/AgCl (11mm diameter; isotonic
paste) electrodes (Biopac Systems, Inc.; Goleta, CA). When needed, a small amount of
additional isotonic paste was added to the electrode surface. Prior to electrode placement,
participants washed their hands with warm water. Blood pressure in Dataset 1 was recorded
continuously via a Continuous Noninvasive Arterial Pressure monitor (CNAP Monitor
500AT; CNSystems; Medizintechnik, AG, Austria). Continuous recordings were obtained
from finger cuffs placed on participants’ left middle and index fingers, and these continuous
readings were calibrated against intermittent non-invasive blood pressure measurements
from a cuff placed around the participant’s right arm. Blood pressure in Dataset 2 was
recorded intermittently via an arm cuff placed around the arm of the participant’s non-
dominant hand. Three blood pressure readings were taken during the baseline period (and
averaged), and three blood pressure readings were taken during the mental math task: before
the end of the first minute, during the second minute, and before the end of the fifth minute
of mental math. In our analyses with Dataset 2, we used the first BP reading as our measure
for the first two minutes of the mental math task, the second reading for our measure of the
third and fourth minutes of the mental math task, and the third reading for the final minute of
the mental math task.

2.4.2 Physiological Signal Processing and Feature Extraction.—All

physiological data were processed in software programs for scoring physiological signals
from Mindware Technologies LTD (v3.0.25). Dependent variables (hereafter features) from
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each signal were calculated as averages for each one-minute segment of the baseline and
trials of the mental math task; data from each baseline minute were averaged to obtain a
single baseline estimate for each feature. Using all available physiological data in each
dataset, we extracted 12 (Dataset 1) or 10 (Dataset 2) peripheral physiological features in
total for each segment, including: respiration rate (RR); interbeat interval (IBI: average R-R
interval); number of skin conductance responses (SCRs: defined as a .01 puS increase in skin
conductance); skin conductance level (SCL: average skin conductance, excluding SCRs
from onset to half-recovery time); mean arterial pressure (MAP); total peripheral resistance
(TPR); and, for Dataset 1 only, root mean square (or quadratic mean) for each fEMG
channel (i.e., ZYGO and CORR). We also extracted respiratory sinus arrhythmia (RSA:
calculated using spectral analysis), which reflects high-frequency variability in IBI (i.e., in
the .12-.40 Hz range) and provides an estimate of parasympathetic control of the heart. From
the impedance signal, we derived one volumetric measure of cardiac function: cardiac output
(CO) in L/min, and two systolic time intervals: pre-ejection period (PEP; an estimate of
sympathetic cardiac control) and left ventricular ejection time (LVET). Stroke volume was
not derived as a feature to be included in clustering analyses because of its interdependence
with other features (i.e., heart rate, CO, TPR). All raw data were subjected to manual, visual
inspection by trained research assistants, and segments with movement artifact or data of
insufficient quality for valid feature extraction were removed from all analyses. Finally,
average baseline values for each feature were subtracted from the values for each feature
during each minute of the mental math task. Thus, the analyses utilize difference scores for
all physiological features. More detailed information on the data processing for specific
physiological features is available in the supplemental online materials.

3 Analysis

The goal of the present investigation was to define similar groups of participants based on
their physiological data without imposing any a priori assumptions about the variables that
would distinguish those groups. Then, we examined whether interpretable patterns were
found as a result of that grouping. This is a clustering problem which can be answered using
a data-driven approach known as unsupervised learning (i.e., discovering sub-groups within
samples based solely on the data without any pre-determined labels). Unsupervised learning
contrasts with supervised learning approaches in which models are trained based on already
labeled data.

In machine learning, the objective of clustering is to find groups such that members within a
group are ‘similar’ to each other, while being “different” from members of other groups (i.e.,
minimize intra-cluster variance, and maximize inter-cluster variance). Various clustering
algorithms have been developed, which differ in terms of complexity, types of priors that can
be incorporated, types of groups that the algorithm discovers, and the intermediate outputs
that can be obtained (Barbakh, Wu, & Fyfe, 2009).

3.1 Hierarchical Clustering

Here, we used agglomerative hierarchical clustering (Johnson, 1967), a simple, intuitive and
well-established method. This method proceeds with repeated steps of calculating distances
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between data points, merging ‘closest’ points into one cluster, and re-calculating distances
until all the data are in one cluster. We used Euclidean distance (sum of squared differences)
as our measure of similarity, a measure of ‘closeness’ which groups participants’ data based
on the magnitude of the features. Since we first standardize our features to account for any
differences in scales of measurement, Euclidean distance is a valid measure of similarity,
and given its simplicity, a straightforward choice. Mergers are done such that the overall
increase in within-cluster variance at each step is kept to a minimum, known as the Ward
Linkage Method (Ward, 1963) for hierarchical clustering. One advantage of this is approach
is that the output is in the form of a tree-like structure known as a dendrogram, which shows
the different degrees of similarity where data points are merged into groups. The
dendrogram is used to visualize the number of clusters in the data based on where larger
differences in Euclidean distance are observed as the data points are clustered into smaller
and smaller groups.

Clustering analyses were conducted using an in-house code written in Python 2.7
(www.python.org), specifically making use of scikit-learn (Pedregosa et al., 2011), and scipy
(Jones, Oliphant, & Peterson, 2014) libraries. Input data to the unsupervised clustering
algorithm were N (i.e., number of subjects) feature vectors of length T*K where T is the
number of trials and K is the number of physiological variables. This clustering approach
adopts a 2-level data structure, nesting measures and trials within participants, and so
controls for participant random effects. Each participant was assigned a feature vector that
included as features that participant’s physiological reactivity (i.e., difference scores
between task and baseline activity) for all trials of the task for all recorded measures. These
individual feature vectors (one for each participant) were then clustered, allowing us to
examine across-participant similarity (or dissimilarity) in both (1) the within-participant
pattern of mean physiological reactivity across measures and (2) the within-participant
pattern of change in physiological reactivity across trials. To remove the effects of different
measurement scales for each variable, we first standardized each feature across the whole
dataset by subtracting the mean and dividing by its standard deviation. These standardized
feature vectors became the input to the hierarchical clustering algorithm, which gives the
dendrogram as its output.

Clustering results were then obtained by deciding where to cut the dendrogram by visual
inspection. We also calculated silhouette scores as a measure of goodness-of-fit (using
Python’s sci-kit learn library implementation) for clustering solutions with 2 to 6 clusters for
each dataset (See Table 2). Visual inspection and the silhouette scores both pointed to viable
2- or 3-cluster solutions with poorer fit for clustering solutions with a greater number of
clusters, particularly for Dataset 2. For completeness, we examined both 2- and 3-cluster
solutions to determine which had the more consistent and interpretable solution across
datasets.

3.2 Feature Relevance

Once clustering resulted in C clusters, each of the individual physiological features was
ranked by measuring its ‘contribution’ to the clustering result. We utilized two measures for
this purpose. One measure was a scatter ratio, which assesses the ratio of between-cluster
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variance to within-cluster variance for a given feature. This can be evaluated for each feature
as an indicator of how well separated the clusters are in that feature’s space. A higher scatter
ratio indicates that the feature varies much more dramatically across clusters than within-
clusters (i.e., more well-separated but compact clusters (Wang, Li, Song, Wei, & Li, 2011)).
For a feature £, the scatter-ratio (Jg) is given by the between-cluster scatter divided by the
within-cluster scatter. Formulas for calculating between- and within-cluster scatter can be
found in the supplemental materials online.

The second measure of feature relevance we employed was mutual information (M/). M/ can
be interpreted as how much the knowledge of one random variable (here, one feature)
reduces the uncertainty about another random variable (here, the cluster labels). A higher
value indicates a higher reduction in uncertainty, thus more informative features will exhibit
a higher M/value. Because M/ is unbounded, we standardized this measure so that values
range between 0 and 1 (also called the global correlation coefficient (Darbellay & Wuertz,
2000) as follows:

0| —

}\k =|1- exp(—21<xk, y))

where, /(Xg, y) is the mutual information between feature 7, and labels.

3.3 Self-report Appraisals of Threat and Challenge

We calculated stress-coping ratios for both datasets as a way to measure participants’ self-
reported appraisals of threat and challenge. For Dataset 1, appraisals were assessed via two
multiple-choice items. Participants rated: (1) how stressful they perceived the task to be and
(2) how well they thought they would (or did) cope with the task on two 5-point scales (from
1="Notat All” to 5 = “Very Much”). For Dataset 1, we divided participants’ self-reported
stress ratings by their self-reported coping resources ratings for each of the three appraisal
ratings collected throughout the mental math task (i.e., before, during, and after the mental
math task). For Dataset 2, appraisals were assessed via two self-report items. Participants
rated: (1) how stressful they perceived the task to be on a 9-point scale (from -4 = “strongly
disagree” to 4 = “strongly agree”) and (2) their perceived resources for dealing with the task
on the same 9-point scale. Responses to both questions were re-scored from 1 = “strongly
disagree” to 9 = “strongly agree” for analyses. For Dataset 2, we calculated a stress/coping
ratio by dividing participants’ self-reported stress ratings by their self-reported resources for
each of the two sets of appraisal ratings (i.e., before and after the mental math task). We
assessed these stress-coping ratios after clustering results were known to examine whether
any physiologically-based clusters differed in terms of their associated appraisals of threat
and challenge. In particular, we examined whether clusters differed in the extent to which
members of the cluster were likely to self-report experiencing challenge (i.e., where their
coping resources met or exceeded the perceived stressfulness of the task, such that stress-
coping ratios were <1) versus threat (i.e., where the perceived stressfulness of the task
exceeded their coping resources, such that stress-coping ratios were >1). For Dataset 1,
stress and coping ratings were missing for several participants due to a computer
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programming error at the start of data collection; appraisal ratings are thus reported from the
n= 150 participants with appraisal data.

4 Results

Dataset 1 consisted of 165 participants with 12 physiological variables (MAP, CO, PEP,
TPR, LVET, SCRs, SCL, CORR, ZYGO, RSA, IBI, and RR) across 4, one-minute trials of a
mental math task. Dataset 2 consisted of 130 participants with 10 physiological variables
(same variables as Dataset 1, but without CORR and ZYGO) across 5, one-minute trials of a
mental math task. Basic descriptive statistics and reliability estimates for each reactivity
measure for each dataset are provided in Table 3.

We used hierarchical clustering on our two datasets, and visual inspection of the clustering
dendrograms (Figures 1 and 2) revealed several possible cut-off points. Although a two-
cluster solution is evident for both datasets, Dataset 2 also appears to offer a viable 3-cluster
solution (Figure 2). Consistent with this visual inspection, silhouette scores calculated as
measures of goodness-of-fit for the 2- and 3-cluster solutions for both datasets (see Table 2)
were fairly comparable. For completeness, we compared both 2-cluster and 3-cluster
solutions across the two datasets. However, we report only the detailed results for the 3-
cluster solution in the main text, with detailed results for the 2-cluster solution reported in
the supplemental online materials. After comparing both 2-cluster and 3-cluster solutions,
we chose the 3-cluster solution as superior to the 2-cluster solution because of the
consistency of the patterns of physiological reactivity across clusters in the 3-cluster
solutions across the two independent datasets.

4.1 Two-Cluster Solution

Dendrograms for both datasets (Figures 1 and 2) included cut-off points that resulted in 2
clusters (above 28 for Dataset 1 and above 32 for Dataset 2). These 2-cluster solutions both
resulted in one larger cluster (104 members in Dataset 1; 108 members in Dataset 2) and one
smaller cluster. In both datasets, the two clusters in the 2-cluster solutions appeared to map
well on to the patterns of physiological activity predicted by the existing literature on
challenge and threat states (see Figures S1 and S3): one cluster in each dataset revealed a
challenge-like pattern of physiological response (i.e., increased CO coupled with decreased
TPR and IBI), whereas the other cluster in each dataset revealed a threat-like pattern of
physiological response (i.e., minimal changes in CO, TPR, and IBI). These clusters
corresponded with predicted patterns in self-reported stress/coping ratios for ratings made
prior to the start of the mental math task, although this pattern was less pronounced or not
present for ratings made during or after the mental math task (see Figures S2 and S4).
Feature relevance scores for the 2-cluster solutions revealed some parallels across datasets
(e.g., CO and IBI were significant contributors to clustering solutions in both datasets) as
well as several inconsistencies across datasets; of note, SCL was the most significant feature
contributing to the 2-cluster solution for Dataset 2, but was the second least most significant
feature in Dataset 1 (see Table S1). For more detailed discussion of the 2-cluster solutions,
see the supplemental online materials.
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4.2 Three-Cluster Solution

Dendrograms for both datasets also included cut-off points that resulted in 3 clusters (above
25 for Dataset 1 and above 26 for Dataset 2). The 3-cluster solution for Dataset 1 resulted in
one cluster with 33 members (shown in black), one cluster with 71 members (shown in
blue), and one cluster with 61 members (shown in green); compared to the 2-cluster
solution, the 3-cluster solution for Dataset 1 involved the larger cluster from the 2-cluster
solution being split into two smaller clusters (here black and blue) while the other, smaller
cluster (here green) was unchanged. The 3-cluster solution for Dataset 2 resulted in one
cluster with 9 members (shown in black), one cluster with 13 members (shown in green),
and one cluster with 108 members (shown in blue); compared to the 2-cluster solution, the
3-cluster solution for Dataset 2 involved the smaller cluster from the 2-cluster solution being
split into two smaller clusters (here black and green) while the other, larger cluster (here
blue) was unchanged.

4.2.1 Dataset 1.—In the 3-cluster solution for Dataset 1 (Figure 3), the green cluster
appeared to have a challenge-like physiological pattern of response with increased CO
accompanied by decreased TPR, PEP, and IBI. Conversely, the blue and black clusters both
mostly exhibited a threat-like physiological pattern of response with minimal changes in
CO, TPR, PEP, and IBI (with the blue cluster exhibiting the most minimal changes in these
variables). However, the blue and black clusters were most clearly differentiated by changes
in SCL, with individuals within the black cluster exhibiting pronounced increases in SCL
and individuals within the blue cluster exhibiting only minimal changes in SCL. These
patterns were consistent with an interpretation of the black cluster as being comprised of
individuals exhibiting a threat-like pattern of physiological response and the blue cluster as
being comprised of physiological non-responders, quite possibly those who did not find the
task stressful and so did not respond as if it were an active coping stressor task.

The pattern of self-reported appraisals of threat and challenge from before the start of the
mental math task appeared consistent with this interpretation (Figure 4a). As in the two-
cluster solution (see supplemental online materials), a larger proportion of individuals from
the green “challenge” cluster reported that they expected their coping resources would meet
or exceed the stressfulness of the task (i.e., a challenge appraisal) compared to those in black
“threat cluster”, and a larger proportion of individuals in the black “threat” cluster reported
that their stress exceeded their coping resources (i.e., a threat appraisal) compared to those
the green “challenge” cluster (X< (1, V= 89) = 6.43, p=.01). The blue “non-responder”
cluster had intermediate proportions of individuals reporting threat and challenge appraisals,
which did not differ significantly from proportions in either the green “challenge” cluster
(X2 (1, N=120) = 2.32, p=.12) or the black “threat” cluster (X< (1, N=93) = 1.55, p=.
21). However, this pattern did not hold for self-reported appraisals collected auring the
mental math task (Figure 4b; black v. green clusters: X< (1, N'= 89) = 0.46, p = .49; black v.
blue clusters: XZ (1, N=93) = 1.47, p=.22; blue v. green clusters: XZ (1, N=120) = 0.41, p
=.52), and was only weakly (and non-significantly) observed in appraisals reported afterthe
mental math task (Figure 4c; black v. green clusters: X2 (1, N'= 89) = 0.40, p=.52; black v.
blue clusters; X< (1, N=93) = 0.20, p=.66); green v. blue clusters: X (1, N'= 120) = 0.05,

p=.81).
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4.2.2 Dataset 2.—Consistent with the results from Dataset 1, the results for the 3-cluster
solution revealed a green “challenge” cluster evidenced by pronounced increases in CO
accompanied by pronounced decreases in TPR, PEP, and IBI; a black “threat” cluster with
minimal changes in CO, TPR, PEP, and IBI but large increases in SCL, and a blue “non-
responder” cluster with minimal changes across all physiological variables (Figure 5).
However, self-reported appraisals of threat and challenge from before (Figure 6a) and after
(Figure 6b) the mental math task were not entirely consistent with this interpretation. For
instance, individuals from the black “threat” group all reported that they expected their
coping resources would meet or exceed the stressfulness of the task (a ‘challenge’ appraisal)
prior to the start of the mental math task. Nevertheless, this pattern of self-reported
appraisals should be interpreted with caution because inferential statistics were not
performed on self-reported appraisals for Dataset 2 because of the dramatically uneven
cluster sizes and because at least one comparison condition contained five or fewer
individuals.

4.2.3 Feature Relevance Scores.—Feature relevance scores describing the
contribution for each physiological feature towards the 3-cluster solutions for both Dataset 1
and Dataset 2 are given in Table 4. For Dataset 1 the physiological features most relevant to
the clustering solution are CO, TPR, IBI, and SCL (followed by PEP and LVET) across both
feature relevance metrics. Consistent with this, in Dataset 2, CO, IBI, SCL, and PEP are the
top four most relevant features across both feature relevance metrics. However, as in the
two-cluster solution (see supplemental online materials), TPR is only the 5! or 6" most
relevant feature out of the 10 features utilized in Dataset 2. LVET is the least relevant feature
for the three-cluster solution in Dataset 2. The primary difference in feature relevance
rankings between the 2- and 3-cluster solutions is that SCL is among the top-most relevant
features across both data sets in the 3-cluster solutions.

4.2.4 Baseline Differences across Clusters.—For the 3-cluster solutions, we also
examined differences across clusters in basic demographic and anthropometric measures as
well as baseline physiological activity (see Table 5). For Dataset 1, a number of baseline and
demographic variables differed significantly across clusters (see Table 5). The blue ‘hon-
responder’ cluster in Dataset 1 was significantly older than the other two clusters and
contained a significantly smaller proportion of White participants than did the green
challenge-like cluster. The blue ‘non-responder’ cluster in Dataset 1 also had lower baseline
LVET, RR, RSA, and TPR than the other clusters. In Dataset 1, the green challenge-like
cluster had significantly lower baseline CO than did either of the other two clusters. For
Dataset 2, only SCL differed significantly across clusters: SCL was highest in the black
threat-like cluster and lowest in the blue ‘non-responder’ cluster with intermediate SCL in
the green challenge-like cluster. However, comparisons across clusters within Dataset 2 must
be interpreted with caution given the uneven cluster sizes and the inclusion of two relatively
small clusters (n7=9 and n=13).

4.2.5 Performance and Appraisal Ratings Across Clusters.—Table 6 reports
mean stress appraisals and mean coping appraisals individually across clusters as well as
two metrics of task performance (i.e., responses attempted and proportion of correct
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responses). We see no significant differences across clusters on any of these metrics across
either sample. In line with previous empirical work, the ratio of stress to coping resources
appears to be more strongly associated with patterns of peripheral physiological activity than
do either the stress or coping appraisals individually. Also, while one might anticipate
performance to be better on average among individuals in the challenge-like clusters than the
threat-like clusters, that does not appear to be the case in the present samples. We suspect
this is because in both studies the difficulty of the serial subtractions was adjusted
throughout the course of the task based on performance in order to keep the task consistently
stressful for participants.

5 Discussion

Using a data-driven, unsupervised machine learning approach, we identified two to three
groups of individuals who had similar patterns of physiological responding during an active
coping stressor task, and we replicated these groupings across two large, independent data
sets. To the best of our knowledge, this is the first study to attempt to cluster individuals
based solely on their physiological activity during a motivated performance task, without the
use of self-reported appraisal scores or subject variables (e.g., age, race, gender) to guide the
clustering solution. Thus, it provided a uniquely strong test of whether physiological patterns
of activity commonly associated with the psychobiological states of threat and challenge are
actually the predominant categories of physiological response in such contexts. Our results
are strikingly consistent with this interpretation, although the results also highlight a third
predominant pattern, of non-responding indicated by minimal change from baseline across
multiple measures of peripheral physiological activity.

In the three-cluster solutions for the two datasets, we saw two clusters of individuals
emerging in both datasets, one who appeared to have challenge-like patterns of physiological
activity (i.e., increased CO and decreased PEP, IBI, and TPR) and one with threat-like
patterns of physiological activity (i.e., more modest change in these same variables). As in
the two-cluster solutions (see supplemental online materials), measures of left ventricular
contractility were also highly relevant to cluster differentiation, although not consistently so
across datasets (e.g., PEP, particularly in Dataset 2, and LVET in Dataset 1 only). In
addition, however, we characterized a third cluster of individuals who showed minimal
change in physiological activity relative to baseline across all measures. Although this
cluster of physiological ‘non-responders’ had more modest changes from baseline (if any)
compared to the threat-like cluster across the standard cardiovascular indices of threat and
challenge, the non-responders were best differentiated from the other two groups by a lack
of change in tonic sweat gland activity (i.e., SCL). Consistent with theorizing, both the
challenge-like and threat-like groups demonstrated increased sympathetic nervous system
activation (here, indicated by increases in SCL). Increased SCL in the threat-like group is
also consistent with previous work demonstrating greater electrodermal activity in response
to a wide variety of aversive stimuli or potential threats, including threat of electric shock
(see, e.g., Niemeld, 1969; Kopacz & Smith, 1971). In contrast, the ‘non-responder’ group
showed minimal change in SCL activity relative to baseline across both datasets. In the two
datasets examined here, SCL has clear discriminable power, as was also shown in other
recent work (Nagai et al., 2004), despite the fact that much recent work in psychophysiology
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focuses on skin conductance responses, rather than on SCL. Thus, despite its minimal use in
this literature, SCL joins measures of cardiac function (i.e., CO and IBI) and vascular
resistance (i.e., TPR) as one of the most relevant features for differentiating a 3-cluster
solution across both data sets and via both feature relevance metrics. Together with the other
measures, it provides a useful way to distinguish ‘non-responders’ from those exhibiting
either threat or challenge patterns of responding.

Of note, in Dataset 2, the cluster of individuals we originally identified as having a threat-
like pattern of physiological responding in the 2-cluster solution (see supplemental online
materials) was re-categorized and re-interpreted in the 3-cluster solution as a group of
physiological non-responders. Because the physiological pattern of response for threat is
typically defined in relation to that of a challenge pattern (i.e., as more modest change in
cardiac output, ventricular contractility, and peripheral resistance compared to challenge), it
was straight-forward and consistent with the literature to identify the larger cluster in the
two-cluster solution as indicative of a threat state. Yet, when we considered the possibility of
a third cluster, it became apparent that there was a more appropriate interpretation, namely
that these individuals exhibited minimal change in physiological activity relative to baseline
across all physiological measures to the active coping stressor task. The high feature
relevance scores for SCL for this dataset in the 2-cluster solution is also consistent with the
idea that the ‘threat’ cluster for the 2-cluster solution for Dataset 2 was actually a
misinterpreted ‘non-responder’ cluster. This re-interpretation of the same cluster of
individuals highlights how the focus of the existing literature on two orthogonal
psychobiological states, to the exclusion of possible others, may artificially constrain
interpretations of observed patterns of ANS activity within motivated performance contexts.
This also may help to explain why the biological pattern of responding under threat in
particular has been somewhat inconsistent across studies and tasks. For example, because
threat and challenge are typically identified within a study only in relation to one another,
threat has been characterized as involving ‘minimal or ‘no change’ in CO and an ‘increase’
or ‘no change’ in TPR (e.g., Blascovich & Mendes, 2000; Blascovich & Tomaka, 1996;
Mendes et al., 2002; Quigley et al., 2002; Tomaka et al., 1997). Our findings suggest that
some of this inconsistency in the pattern of observed ANS activity under threat may be due
to differences in the prevalence of ‘non-responders’ and their distribution across the threat
and challenge groups across contexts and samples.

The identification of a group of apparent physiological ‘non-responders’ in both our datasets
is consistent with the results of a recent study which utilized a similar approach (multivariate
cluster analysis with a small set of variables) to identify groups of individuals based on their
physiological reactivity during a set of psychological stress tasks (Brindle et al., 2016).
Although the study only included three cardiovascular measures—heart rate, systolic blood
pressure, and diastolic blood pressure—their data-driven cluster analysis also revealed a
group of participants who exhibited blunted physiological reactivity during motivated
performance tasks across all recorded measures. Given this consistency, future research may
benefit from exploring the extent to which these patterns of physiological response represent
more stable individual differences or responder types across contexts. For example, prior
research has demonstrated responder type differences in cardiovascular reactivity and
recovery during speech preparation and cold presser stress tasks (Kline et al., 2002). Future
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research should address the stability of all of these physiological patterns across time within
individuals, given prior evidence that repeated intense vascular reactivity and/or slower
vascular recovery confers negative cardiovascular health risk (Sherwood et al., 1999; Treiber
et al., 1993; Treiber et al., 2003).

Our results also highlight several practical methodological suggestions for researchers
interested in examining threat and challenge states and/or ANS function in motivated
performance contexts. First, it appears unnecessary to include several peripheral
physiological measures tested here in future investigations using a motivated mental math
task. For example, measures of respiration rate and heart rate variability driven by
respiration (i.e., RSA) as well as measures of facial muscle activity over the corrugator
supercilii and zygomaticus major muscle regions of the face and the number of skin
conductance responses were all routinely among the least relevant physiological features for
distinguishing between clusters, in both the 2- and 3-cluster solutions, across both
independent datasets. However, given that both datasets were collected using the same active
coping stressor task (i.e., mental math), future such data-driven work with other tasks should
be used to determine if the same holds across other motivated performance contexts. Second,
despite few prior studies of the challenge v. threat patterns that used any measures of skin
conductance (only Experiments 1 & 3 of Tomaka et al., 1993, to our knowledge), our
findings strongly advocate for the inclusion of measures of SCL, which may be of particular
importance when researchers are trying to distinguish threat-like responding from
physiological non-response. Finally, our findings suggested that self-reported appraisals of
stress and coping made prior to the start of the task were more meaningfully associated with
patterns of physiological responding than were appraisals made after the task, a finding that
is empirically and theoretically consistent with the preponderance of the existing literature
(see, e.g., Quigley et al., 2002; Tomaka et al., 1997; Zanstra, Johnston, & Rasbash, 2010).
Nevertheless, even the differences we observed in reported appraisals across clusters before
the start of the task were modest, suggesting the need for further refinement of ways to
assess perceived stress and coping in motivated performance tasks.

5.1 Limitations and Future Directions

The present investigation has several limitations that suggest fruitful avenues for future
research. First, both datasets also appear to have a large proportion of physiological ‘non-
responders’ (43% in Dataset 1 and 83% in Dataset 2), with this cluster particularly
prominent in Dataset 2. One possibility is that the prevalence of non-responders in the
current datasets is an artifact of our exclusion criteria for analyses. In the present
investigation, our analysis strategy necessitated limiting our sample to only those individuals
with ‘complete’ data sets (i.e., those with usable physiological data from each minute of the
task and baseline for all 12 (Dataset 1) or 10 (Dataset 2) physiological features). This
criterion may have created a biased sample selection favoring the inclusion of non-
responders in the final sample used for analysis (i.e., more distressed people may fidget and
produce more movement artifacts and do so more often). However, the difference in the
proportion of non-responders across datasets is also striking and suggests that elements of
the two experimental designs may have contributed to the varying occurrence of this pattern
of physiological response across datasets. Of note, in Dataset 2, participants completed a
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different motivated performance task, a speech preparation and delivery task, prior to
completing the mental math task analyzed herein. Previous research has demonstrated that
there are significant patterns of cardiovascular adaptation to repeated active coping tasks
(e.g., mental arithmetic), and that cardiac reactivity is especially sensitive to prior exposure
to another motivated performance task (Kelsey, Blascovich, Tomaka, Leitten, Schneider, &
Wiens, 1999; Kelsey, Blascovich, Leitten, Schneider, Tomaka & Wiens, 2000; Kelsey,
Soderlund, & Arthur, 2004; Kelsey, Ornduff, & Alpert, 2007). As such, this pattern of
physiological ‘non-response’ may be associated with or even caused by adaptation to
repeated psychological stressor task performance. Future research should compare the
prevalence of these three patterns of psychobiological response across different active
coping stressor tasks, as well as across experimental contexts that vary in terms of the extent
of prior exposure to additional motivated performance tasks.

The identification of a third pattern of physiological activity during an active coping stressor
task also lays bare several interesting potential future lines of inquiry concerning how this
pattern of ANS activity relates to both task performance and subjective appraisals of
experience. That is, although we have interpreted this third group as ‘non-responders’, this
label refers solely to their absent or minimal physiological response relative to baseline and
is only one of a host of possible reasons for this pattern of response which should be
explored in future research. Indeed, the pattern of self-reported appraisals across the three
clusters of physiological activity differs across the two independent datasets in the present
study. For pre-task appraisal ratings in Dataset 1, a larger proportion of individuals from the
threat-like cluster reported that they expected that their coping resources would not meet the
perceived demands of the task (i.e., a threat appraisal) relative to both the challenge-like and
non-responder clusters; although a sizable proportion of the individuals in all clusters,
including the threat-like cluster, self-reported appraisals that were closer to the challenge end
of the challenge-threat spectrum (i.e., appraisals of task stressfulness were somewhat
mitigated by appraisals that the person felt they could cope with the demands of the task).
This pattern is consistent with the possibility that the physiological non-responders may also
be ‘non-responders’ from a psychological perspective, such that they may simply not be
experiencing the task as an active coping stressor task (i.e., they perceive the task demands
as very low or their own relative resources for coping with the task as very high). However,
this pattern failed to emerge for appraisal ratings in Dataset 2 where a smaller proportion of
‘non-responders’ reported challenge-like appraisals than even those in the threat-like cluster.
Thus, the cluster of physiological non-responders may not consistently be associated with
the same pattern of self-reported appraisals across samples. It appears that, at least in some
contexts, the lack of physiological activity relative to baseline exhibited by these individuals
may be independent of their experience of the stressor task, such that some or all of these
physiological non-responders still report experiencing a great deal of distress in anticipation
of the start of the task. Indeed, we found no differences across clusters in either dataset in
terms of average self-reported stress or coping appraisals when these appraisals were
examined independently, and we also failed to find any differences across clusters in either
dataset in the number of responses attempted or the proportion of correct responses. These
findings are inconsistent with an interpretation of the ‘non-responder’ cluster as disengaged
or non-stressed. Nevertheless, we interpret these null results with caution, particularly for
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Dataset 2 given the dramatically uneven size of the clusters in this clustering solution (i.e.,
the threat-like, challenge-like, and non-responder clusters for Dataset 2 contain 9, 13, and
108 participants, respectively). We encourage future researchers to investigate how
appraisals of threat and challenge map on to groups of individuals identified as physiological
non-responders. Moreover, given the differences across datasets in patterns of self-reported
appraisals, future research should examine whether exposure to prior motivational
performance tasks and associated adaptations in cardiovascular responding (see Kelsey et
al., 1999; 2000; 2004; 2007) may contribute to differential relationships between
physiological ‘non-response’ and self-reported appraisals of challenge and threat.

5.2 Conclusions

We examined patterns of peripheral physiological responding during a motivated
performance context across two large, independent data sets, each with multiple peripheral
physiological measures. A data-driven, unsupervised machine learning approach revealed
interpretable 3-cluster solutions across both datasets with consistent patterns of
physiological responding across clusters in both independent samples. Two of the
predominant patterns of peripheral physiological responding that emerged within both
samples were strikingly similar to cardiovascular responses commonly associated with
‘challenge’ and ‘threat’ states, with these two patterns were best differentiated by reactivity
in cardiac output (CO), pre-ejection period (PEP), interbeat interval (IBI), and total
peripheral resistance (TPR). Results also revealed a third, relatively large group of
physiological “non-responders” who exhibited minimal reactivity across all physiological
measures in the motivated performance context, and were most differentiated from those in
the other clusters by minimal increases in tonic electrodermal activity. Future research is
needed to more fully characterize this group of physiological ‘non-responders’ including its
relationship with individual differences in physiological responding across a wider range of
evocative contexts, its relationship with prior exposure to other psychological stressors, and
its relationship to subjective experiences of stress.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Dendrogram for Dataset 1with Euclidean distance on the y-axis and participant number on

the x-axis.
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Figure 3.
Mean and standard deviation for each physiological feature for each minute of the task by

cluster for Dataset 1 in the 3-cluster solution. The green cluster (7= 61) shows a challenge-
like pattern of physiological activity, the black cluster (n= 33) shows a threat-like pattern of
physiological activity, and the blue cluster (r7=71) shows a pattern of physiological non-
response. SCRs represent the number of SCRs during each minute of the mental math task.
All other variables are presented as change scores from baseline in feature-specific units:
MAP is in mmHg; CO is in L/min; PEP, LVET, and IBI are in msec; TPR is in dyne-s-cm‘5,
SCL is in microSiemens, CORR and ZYGO are in microvolts, and RR is in breaths/min.
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Figure 4.

Proportion of individuals in each of the three clusters with a stress/coping ratio indicating
threat (>1) or challenge (< = 1) for Dataset 1 for self-reported appraisals provide before the
task (Panel a), during the task (Panel b), and after the task (Panel c). Black bars represent
individuals in the black “threat-like” cluster, green bars represent individuals in the green
“challenge-like” cluster, and blue bars represent individuals in the blue “non-responder”
cluster.
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Figure5.

Mean and standard deviation for each physiological feature for each minute of the task by
cluster for Dataset 2 in the 3-cluster solution. The green cluster (7= 13) shows a challenge-
like pattern of physiological activity, the black cluster (n7=9) shows a threat-like pattern of
physiological activity, and the blue cluster (x7=108) shows a pattern of physiological non-
response. SCRs represent the number of SCRs during each minute of the mental math task.
All other variables are presented as change scores from baseline in feature-specific units:
MAP is in mmHg; CO is in L/min; PEP, LVET, and IBI are in msec; TPR is in dyne-s-cm‘5,
SCL is in microSiemens, and RR is in breaths/min.

Psychophysiology. Author manuscript; available in PMC 2020 December 01.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Wormwood et al.

100 1

80

60

Percentage

20

Page 26

Panel a Panel b

80

60

Percentage

>1

>1
Stress/Coping Ratio Stress/Coping Ratio

Figure 6.
Proportion of individuals in each of the three clusters with a stress/coping ratio indicating

threat (>1) or challenge (< = 1) for Dataset 2 for self-reported appraisals provide before the
task (panel a) and after the task (panel b). Black bars represent individuals in the black
“threat-like” cluster, green bars represent individuals in the green “challenge-like” cluster,
and blue bars represent individuals in the blue “non-responder” cluster.
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